., Global Positioning System (GPS) and smartphones] to reduce survey burdens and accurately collect location information (1) (2) (3) (4) (5) . This paper investigates the application of smartphone sensing technologies for continuous collection of spatiotemporal activity-travel data.
[e.g., Global Positioning System (GPS) and smartphones] to reduce survey burdens and accurately collect location information (1) (2) (3) (4) (5) . This paper investigates the application of smartphone sensing technologies for continuous collection of spatiotemporal activity-travel data.
This study is motivated by rapid advancements in smartphone capabilities (e.g., more sensors and processing power). The authors anticipate that such technological advancements would significantly affect survey methods and provide a more respondent-friendly survey design. Smartphone sensors can be categorized into three groups according to their application to travel data collection:
• Motion sensors (6) :
-Accelerometer, which measures the device linear acceleration; -Gyroscope, which measures the angular rate of change (i.e., rotation velocity); and -Magnetometer (i.e., compass), which measures the magnetic field strength; • Location sensors:
-GPS, which is commonly used in outdoor settings, and -Network-based location services, which use cellular network and wireless fidelity (Wi-Fi) to determine the location (i.e., via triangulation); and • Ambient sensors:
-Light sensor, -Microphone, and -Proximity sensor, which detects nearby objects and can indicate when the phone is near the user's ear (e.g., during a call).
This research focuses on collecting data from travelers in a respondent-centric approach by considering their interests. Traditional data collection techniques that directly interact with participants are limited by factors such as respondent's memory, cognition, and interest to participate. These factors pose a challenge to the collection of quality data. The challenges accentuate the need for a user-friendly method of data collection that seamlessly integrates into travelers' daily lives. The paper proposes such a methodology for activity-travel data collection.
The remainder of this paper is structured into three sections. The first section provides a literature review on current data collection methods, with more emphasis on the applications of emerging technologies (e.g., GPS and smartphones). The second section discusses the main components of the proposed travel data collection framework and explains how they can be employed for practical data collection projects. The framework is then applied to three data collection experiments using smartphones and sensors to
Using Smartphones and Sensor Technologies to Automate Collection of Travel Data
Tamer Abdulazim, Hossam Abdelgawad, Khandker M. Nurul Habib, and Baher Abdulhai This paper presents a data collection framework and its prototype application for personal activity-travel surveys through the use of smartphone sensors. The core components of the framework run on smartphones backed by cloud-based (online) services for data storage, information dissemination, and decision support. The framework employs machine-learning techniques to infer automatically activity types and travel modes with minimum interruption for the respondents. Understanding the behavior of transportation system users is crucial for implementing effective control strategies to alleviate congestion, improve transportation level of service, and achieve better quality of life. However, traditional travel data collection methods are not respondent-friendly because they often require extra effort from survey participants to record and recall their activities (i.e., to keep an activity-travel dairy). As a result, a multiday personal travel survey is often run for a few days or at most weeks to limit the survey burden on the respondents. Such restriction makes traditional travel survey methods inappropriate for long-term data collection, which is necessary to capture variations in activity-travel behavior that may not occur within a short period (e.g., recreational trips). Lack of accurate data of activity-travel patterns limits travel demand modeling capability. It also restricts the ability of decision makers to understand the influence of various transportation policies on activity-travel behavior. Recently, there has been an increasing interest in advancing data collection techniques by incorporating emerging technologies demonstrate the functionalities and capabilities of the framework. Finally, the authors offer conclusions and recommendations for future work.
LITERATURE REVIEW
Finding innovative ways of interaction with transportation users to collect travel data is an active and growing research area, which generally aims to use emerging technologies to enhance data quality and reduce the burden on respondents. In this paper, related studies are categorized into two groups:
1. Studies that apply smartphone features and modern technologies in travel surveys, especially for collecting location data, and 2. Studies that infer trip information from the data with emphasis on studies that automate transportation mode identification.
Data Collection Modes
Several studies have shown the potential of collecting travel data using new technologies (e.g., smartphones and GPS) to replace or supplement the traditional travel survey methods (e.g., travel diary) to enhance the quality of data and reduce the burden on survey respondents (7) (8) (9) . A recent review of applications of smartphones in data collection argues that these innovative devices have strong potential to advance transportation data collection and enhance system operation as well as contribute to long-term transportation planning (1) . GPS-assisted data collection has been intensively investigated in the literature. An experiment conducted with GPS showed that GPS data are more accurate than traditional computer-assisted telephone interviews in reported trip rates for household travel surveys. The results also indicated that GPS can reduce the nonresponse rate of the young population, but it might decrease the participation of the minority population (8) . Comparisons of GPS data and travel diaries were attempted in a few recent studies; the authors of these studies suggested that GPS should be used in household travel surveys (2, 10) . However, special care should be given to data-processing algorithms that extract trips from GPS logs. In addition, factors such as GPS cold start (insufficient signal), forgetting to carry the device, and the elderly population should be carefully considered when using GPS-based surveys. GPS traces were also used to identify active transportation modes and to assess health impacts of having a nearby transit option (9) . For long-term planning, GPS was used to capture travel behavior changes over time (7) . Further, it was found as a plausible technology to evaluate the effectiveness of travel demand programs and policies (11) . A GPS-assisted survey can be followed by a prompted survey to collect additional data (12) .
In addition to collecting travel behavior data at the micro level, GPS devices and GPS-enabled smartphones have been used to collect macro data for an entire city or a roadway network; such data could be used to monitor traffic and to observe overall transportation dynamics and movement patterns in a city. For example, Mobile Millennium is a recent project that demonstrated the benefit of GPS-enabled smartphones in real-time traffic monitoring that is currently implemented in the San Francisco Bay Area of California (13) . WikiCity is another recent project that captures, in real-time, city dynamics and movement patterns of the people (14) . The project is under way in Rome; Copenhagen, Denmark; and Amsterdam, Netherlands for real-time visualization of people and transportation movements, as well as areas of intense crowding (e.g., a large gathering at an event).
In summary, the potential of GPS and smartphone applications on the transportation system cannot be overstated, with tangible benefits for travel behavior modelers, transportation planners, system operators, and decision makers. There are still a few technical challenges to using GPS-only data collection, such as signal disturbance, indoor navigation and tunnels (e.g., subway), and high power consumption that can limit collecting 24-h location data. Moreover, for a dedicated GPS device (i.e., not a GPS-enabled smartphone), there are additional challenges because people will have to carry an extra device. In addition, it is not commonly possible to run a customized application on GPS devices (e.g., to process data or display personalized information). The lack of a customized application restricts communication with travelers and forces data processing to be executed in centralized back-end servers that might encounter scalability issues, especially in large-scale data collection projects.
Inferring Travel Activity
Generally, the goal of travel surveys is to collect trip information attributes, such as location, start and end time, purpose, transportation mode, and route. These attributes can then be correlated with travelers' socioeconomic attributes, such as age, income, employment, and gender, to build behavioral models. To automate the data collection process, some of these attributes should be extracted from the raw data (e.g., GPS traces) to a certain degree of accuracy. Two main approaches have been applied in the literature for data processing: an algorithmic and heuristic approach and a learning-based approach (i.e., machine learning and data mining). The algorithmic and heuristic approach typically applies predefined deterministic procedures or rules to extract trip attributes; in the learning-based approach, such rules are learned automatically from data. For example, to determine transportation mode, a heuristic approach may use a rule such as "If the average speed is below 5 km/h, then the mode is walking," whereas a learning-based approach will infer such rules from the data.
Algorithms and heuristic approaches are useful to automatically extract some trip attributes from raw data and to expedite the data post-processing. Despite the terminological difference between them, the approaches are often combined. Thus, for this paper they are considered to be the same. Heuristic rules about speed and duration of stay at a location were used to automatically identify transportation mode and trip purpose or activity from GPS traces in combination with a geographic information system (GIS) database that contains network information (15) (16) (17) . These rules are commonly derived from domain knowledge about the transportation system, land use information of a study region, or from previous related studies. This approach is not only ad hoc but also difficult to validate; in addition, such rules are often tightly coupled with the environment from which they were derived (e.g., transportation system of specific region) and probably cannot be transferred or generalized. Moreover, developing a generic algorithm to classify activities on the basis of collected data is a tedious task and generally not feasible when fine classification is required. A learning-based approach would be more appropriate.
In the learning-based approach, the relation between predictors (i.e., independent variables) and the target/response variable (e.g., transportation mode, activity classification) is learned by applying machine-learning techniques to a training data set that contains both predictors and the target variable. A learning-based approach was proposed to automatically predict some of the activity attributes (e.g., location and duration) and fill the survey automatically, which helps to reduce the burden on respondents (18) . For transportation mode detection, speed and acceleration values have been frequently used as predictors. Such data sometimes were collected from a dedicated GPS device (19) or using a GPS-equipped smartphone; in the second case, a preprocessing algorithm was implemented in the mobile device (20) . Classification using multilayer perceptron neural networks was used in some studies (19, 20) , whereas a support vector machine was used in another (21) . Both techniques have advantages and disadvantages. For neural networks, the training time to fit the data is normally longer than for the support vector machine because neural networks solve a nonconvex optimization problem whereas the support vector machine solves a convex optimization problem, which can be optimized much faster with efficient algorithms. However, neural networks provide a probabilistic output (i.e., probability of the training case belonging to each possible target classification), which is useful if this output is processed by further algorithm to produce the final classification decision (e.g., incorporate risk factor associated with misclassification or other domain knowledge). However, the support vector machine outputs the final classification (22) . Recently, a hybrid approach was used to combine the learning-based and rule-based approaches to identify transportation mode at the trip level (23) .
The above studies classify a limited number of transportation modes; this limited number might not be sufficient for travel behavior modeling. Different features can be used as input for the learning algorithm. For example, acceleration values can be used directly as input to the learning algorithm (19, 20) or after a feature extraction process such as fast Fourier transform, mean, and variance (21, 23) . The first approach depends on the variability in the magnitude of acceleration values to distinguish between transportation modes. In other words, the learning is performed in a time domain in which there are dependencies between data points. The second approach transforms the data into a feature domain (e.g., frequency domain) where the learning takes place. On the one hand, for similar modes the variability in the frequency domain might not be sufficient for classification. On the other hand, analysis in the time domain is more complicated because the dependency between values violates the assumption that data points are independent and identically distributed (which is assumed by many learning algorithms, including neural networks and support vector machines). The learning-based approach has been proven to be effective for identifying transportation mode; however, more research is required to fully use this approach to allow for a fine classification of transportation modes and activities.
The review of the literature shows that GPS-based data collection has been intensively investigated, but only a few studies have incorporated smartphone sensors (e.g., accelerometer). In addition, the classification of activity-travel data has been limited to the identification of transportation mode, route, and activities (e.g., work, home, school) whereas more fine classifications of transportation modes and activities have not been yet addressed. Further, many of the classification techniques applied in the literature suffer from the following limitations: (a) lack of rigorous techniques that can be validated (unlike heuristic rules), (b) classification that depends intensively on specific system information (i.e., certain road network or transit route), and (c) data collection that heavily depends on GPS, which is difficult to be practically used for 24 h because of the high power consumption and loss of signal in indoor settings, including subways.
This paper therefore introduces an integrated framework that uses smartphones and sensor technologies to pervasively collect travel data. The authors developed the framework to achieve three essential requirements:
1. Integrate various smartphone sensors into the collection travel data to increase its quality and quantity;
2. Automate the identification of travel activities and transportation modes, to a fine level of detail, to reduce the burden on respondents; and 3. Have a battery-friendly operation to practically collect 24-h travel data for long-term travel surveys.
The next section discusses the tools and techniques used to achieve the above requirements.
TRAVEL DATA COLLECTION FRAMEWORK
Automating the activity-travel data collection process is a challenging task because of the diversity and complexity of travelers' behavior. However, the authors envision this process to be broken down into three nontrivial core tasks: (a) continuously capture location data, (b) discover the nearby land use characteristics, and (c) identify the transportation mode. Figure 1 shows a schematic diagram of the framework and data sources. The smartphone application, which implements the framework, continuously collects location data, and when the location does not change for a configurable threshold (e.g., 5 min), it indicates an activity start. If the location is a known location (visited before), the application will record just the start of a visit to this location; otherwise, it will run the land use discovery module to collect information about nearby locations that can be used to classify the new location. After the best classification of the current location is obtained, the user will be prompted to verify or correct the current location; the location will then be stored as a known location. When the application recognizes that the location is constantly changing, it will start the transportation mode detection module to classify the mode of travel. GPS can be used to collect accurate route information if the route is new. 
Capturing Location Data
Although GPS is the most known location sensor, location can be sufficiently determined using network-based triangulation with a cellular network and Wi-Fi, which is battery-friendly and seems to be accurate in dense urban areas and for locations that are frequently visited (e.g., work, school, and grocery store). Network-based location services are available via many providers (24, 25) . These providers typically have a large database that contains numerous geocoded Wi-Fi networks and cellular towers used to determine the smartphone location.
Network-based location services often require the smartphone to have an Internet connection to determine the location. To reduce the dependency on the Internet, the location logger module implements the same concept by maintaining a small-scale database of landmarks such as cell identification and Wi-Fi network for frequently visited locations. For example, when the individual is at work, information about cell identification, available Wi-Fi network, and Bluetooth devices (e.g., printer) are stored along with GPS coordinates; afterward, just through detection of these landmarks, the location will be recognized and the associated GPS coordinates can be used even if there is no GPS signal or Internet connection. Further, by observing known landmarks, such as Wi-Fi networks, the application might be able to indicate the arrival and departure time from known locations; for example, the detection of a known Wi-Fi network can be an indication of arrival time at this location and the loss of the Wi-Fi connection might indicate departure time. Moreover, at some public places (e.g., cafés and restaurants) the Wi-Fi network might carry the name of the business, which would help in determining the activity. Network-based location is normally less accurate than GPS for outdoor environments and does not provide speed. However, it is still an attractive alternative or complement to GPS because it is battery-friendly and works indoors where there is no GPS signal; yet, this alternative has not been fully used in transportation research (26) . In the experiment setup section, the authors discuss details on how network-based location was incorporated in data collection.
Discovering Land Use Characteristics
The output of the location logger is the current smartphone coordinates, along with the accuracy of the location. To infer a traveler's activity, more information about the location is required, particularly the land use characteristics, including residential buildings, schools, parks, and shops. The land use discovery component is responsible for collecting this information, given the current coordinates and accuracy. Accuracy is important for network-based location because it can vary from about 10 m to 1,000+ m, depending on the existence of landmarks such as Wi-Fi networks. Consequently, the land use discovery needs to be aware of the accuracy to adapt the location search range accordingly (i.e., discover locations within the accuracy circle). The objective of this component is not to identify the exact location of the smartphone (e.g., which building), but to discover the general characteristics of the location (e.g., is it residential or retail); such information is helpful to infer the type of activities at that location. For example, if a person is located within a business district between 9 a.m. and 5 p.m., the trip purpose might be work; this indication will be assured if this trip is repeated on daily basis during the weekdays. In summary, this module receives a coordinate from the location logger and provides a general description of the land use characteristics.
Generally, land use information is obtained from GIS maps that are publicly or commercially available. Such maps might contain high-level information, such as residential buildings, parks, hospitals, or detailed information to the level of business name and classification. Unless these data are freely available, the purchase of such maps may add a nontrivial cost to the data collection project; the cost would vary according to the level of detail of the map. Another limitation is that GIS maps typically contain static information that has been collected at a certain period of time and needs to be frequently updated to reflect land use changes. Also, the maps do not provide sufficient information about the popularity of a location, such as frequency of visitors, or real-time information about places (e.g., an ongoing event at certain location). Such information may appear to be unnecessary; however, it is useful in inferring travel activity. For example, in a given neighborhood if the distribution and classification of places are known (e.g., how many restaurants, residential buildings, shops) the type of activities that can be carried out in this location can be predicted. In addition, if the visitors' statistics are known at each place, researchers can learn which location is more likely to attract travelers.
The land use discovery module depends on location-based social services such as Foursquare (27) to obtain land use characteristics. Unlike GIS maps, which are typically hosted in a closed environment, Foursquare's data are mostly generated by users. Thus, the data are continuously updated and contain global information. Rich land use information can be obtained from such services; for example, places can be categorized as homes, offices, schools, and shops up to a detailed classification such as college gyms, kids' shops, and hiking trails. Such detailed classifications would definitely contribute to recognizing the activity. Additionally, this service provides real-time information on the number of users that are currently at a certain place, which suggests the relative popularity of the place; similarly, this service can detect public gatherings and massive events that might cause a serious disturbance to the transportation network or attract more travelers. Another example that works closely with Foursquare is the YellowPages (28), which provides not only information such as business name and address but also the business classification, which can be used to infer activity. All these services are typically accessible via application programming interfaces that can be invoked from a smartphone application. Foursquare data can be integrated with YellowPages data to cross-validate business locations and to enhance the overall quality of the data. More details on how land use data were obtained from Foursquare are provided in the section on experiment setup and results.
Identifying Transportation Mode
The previous two modules mainly contribute to the recognition of the trip purpose, whereas this module contributes to the identification of the mode of travel. Many of the studies reviewed here have proposed different solutions to automatically infer transportation mode. In this framework, the mode detection component uses smartphone sensors and does not depend on GPS or network information (e.g., transit routes). This approach was motivated by the observation that every transportation mode seems to have a unique motion pattern. For example, a bus is likely to have different acceleration and deceleration patterns than private vehicles. Also, a subway might have less-sharp turns than a bus or car. Smartphones seem to be an appropriate platform to capture the motion pattern of transportation modes because they are equipped with different motion sensors, such as accelerometer, gyroscope, and compass. In addition, people typically carry their smartphones and would not have to carry an extra device (e.g., GPS) to participate in a survey.
This module requires a model that captures motion patterns of different modes. Such a model can be obtained by training a machinelearning classifier with a labeled data set that contains sensor data along with the transportation mode. The initial training process can be done offline (i.e., not within the smartphone application). However, the motion pattern can be affected by how people carry their smartphone (e.g., in a bag or inside pocket). Thus, the framework supports online training, in which the initial trained model will be updated independently for each individual to adapt to the individual's motion pattern. The online training can be done within the smartphone application, thanks to the increasing processing power of smartphones. This feature contributes significantly to the value of this framework for practical data collection projects because it allows the framework (including the smartphone application) to be transferred to a different system (e.g., another region) without retraining the model with a new data set. The authors conducted an experiment to validate the accuracy of the mode detection module.
EXPERIMENT SETUP AND RESULTS
This section presents the setup and results of three experiments to demonstrate the functionalities of the framework in the fulfillment of the requirements stated earlier.
Collecting Location Data
The authors developed an Android application that continuously collects location data using a network location service provided by Google (25) . Six participants installed the application on their smartphones. The application stores data in a local database on the smartphone and then automatically transmits the information to a preconfigured server. The application starts automatically when the smartphone boots and runs in the background. Every 5 min the application conducts the following sequence:
• Scan nearby Wi-Fi networks and then check whether the smartphone detects the same Wi-Fi networks (or a subset of those networks) since the previous scan.
-If yes, consider location is the same and exit.
-If no, retrieve the current location via a network location provider and compare it with the last known location. If the distance is within 25 m, consider location is the same and exit. Otherwise, update the current location.
• If location is the same, update the end time of the present activity to the current time. Otherwise, add a record for a new activity session and set its time to the current time (because the location changed, it is considered a new activity session).
Collected data from a long-term prototype survey are presented in Table 1 , which shows that location data were collected for 549 days with the network location provider. The objective of this prototype survey is to assess the feasibility of 24-h location data collection with minimum impact on battery life. Five of the six participants reported no significant change in battery life after installing the application. The participant who reported a decay in battery life because the Wi-Fi remains active owns a phone that is known to have a bug that interferes with switching off Wi-Fi from the application; this bug was addressed in an update. The application collected data in Canada and the United States.
Location accuracy varies as follows: (a) for participants who live and work in dense urban areas (e.g., downtown Toronto, Ontario, Canada), the location accuracy was about 100 m; (b) for those in relatively low-density areas, the location accuracy was about 600 m; and (c) the location accuracy reached 4,000+ m in low-density cities outside Ontario. Such insights should be cautiously generalized because of the small sample size of this experiment. However, the goal in this prototype survey was only to evaluate the effectiveness of network-based location. The results match the expectation that in rural areas and low-density areas where the number of Wi-Fi networks is limited, the accuracy will deteriorate because the location will be calculated with a cellular network, which can have a large coverage area (more than 1 km).
To validate the collected location data, an Android application was developed to visualize the location data. The user inputs a specific day and then specifies an activity duration threshold, which is used to filter the locations. Only locations at which the duration of stay (in minutes) is greater than the activity threshold are displayed. Finally, when the user clicks "show activities," the map will be centered on the activity location and will display the activity start time and duration. The user can navigate through all the activities that have been conducted that day and easily verify whether the appli cation correctly captures location, arrival time, and duration of stay. A screenshot of this application is presented in Figure 2a . During the data validation process, the authors discovered that when the smartphone runs out of battery, the location data might be incorrect (e.g., the application may report longer activity duration). To correct this behavior, the application logs the time before the smartphone shuts down and the time when it starts again. The period between is marked as "unknown" and presented to the user to verify the activity location and duration. Clearly, collecting long-term location data is feasible with networkbased location information, especially for activities in dense areas, where the accuracy is relatively high. To the best of the authors' knowledge, such long-term travel surveys (ranging from 16 days to 9 months) have not been conducted before. Besides network-based location, the framework supports GPS location providers as well. Such a hybrid approach is useful to balance between accuracy and battery life for practical long-term travel data collection. The authors will use this approach in the next survey to target a larger sample size.
Acquiring Land Use Information
Location-based social network services such as Foursquare expose their data and services for developers as application programming interfaces that can be invoked by other applications. Foursquare provides a service that returns the list of all venues or points of interest around a given location and within a certain radius. In this experiment, the authors extracted all postal codes within the city of Toronto (49,262 postal codes) from a GIS map (29) . Then a Java application was developed to process this database and send the coordinates of each postal code to Foursquare to retrieve a list of nearby venues within a 500-m radius; unique venues are stored in a local database. The database has two main tables: a venue table that includes 62,493 distinct venue records for the city of Toronto and a category table that contains 393 classifications that can describe a venue (e.g., residential building, restaurant, and gym). Foursquare has a three-level hierarchal tree to classify a venue. For example, the distribution of locations in Toronto, using only the top-level classification, is as follows: shop and service (21%), travel and transport (6%), great outdoors (5%), arts and entertainment (4%), professional and other places (19%), college and university (3%), food (14%), nightlife spots (3%), and residence (25%). Furthermore, Toronto seems to be well covered by the Foursquare database; to validate the data, the authors grouped all the places by forward sortation area, which is similar to a neighborhood. The authors found that the average number of locations per forward sortation area is 613, which seems to be appropriate to get the distribution of land use per zone. Such statistics reveal information about the quality of land use information that can be obtained from Foursquare. This rich source of land use data is not limited to basic venue attributes such as name, location, and classification, which might be found in static GIS maps. It contains dynamic and real-time information such as location check-in statistics, including even the number of users currently present. Moreover, Foursquare provides historical data on the daily pattern of check-ins at a specific location, which might reveal significant insights about the attraction power of a certain location or neighborhood change throughout the day and subsequently the travel demand to this area. Therefore, the authors anticipate many applications of such dynamic land use data, including activity recognition, location choice modeling, and context-aware travel data collection.
In addition, the authors anticipate possible challenges that might arise when depending on a user-generated data source that might not be verified. The authors propose three solutions to verify and enhance the accuracy of the Foursquare land use information:
1. Many businesses claim the ownership of venues. Foursquare can assign a field with each venue to indicate if ownership is verified; this information can be accessed when querying venues.
2. For the unverified venues, data from multiple location service providers, such as YellowPages or social network services similar to Foursquare, can be combined and cross-validated.
3. GIS maps that contain detailed point of interest information can be used to complement, verify, or correct Foursquare data, depending on which data source is more likely to be accurate.
However it can be argued that user-generated data are regularly verified as users update incorrect venue information or report missing venues to Foursquare. Also, there are known success stories of usergenerated data such as OpenStreetMap (30) and Wikimapia (31), which contain maps that are edited and updated by users. In short, there is promising potential for collecting dynamic land use information from Foursquare and similar services; the authors are currently investigating this potential.
Transportation Mode Identification
To collect a labeled motion pattern from smartphone sensors, a smartphone application was developed to allow the user to select the transportation mode the user is about to take and then use the transportation mode normally. The application (shown in Figure 2b ) continuously records sensor data and tags it with the transportation mode the user selected. This labeled data set was used to train different machine-learning algorithms. The application records data from various sensors, but for this experiment only accelerometer, gyroscope, and orientation sensors were used. The data were collected using a Nexus S smartphone that has a three-axis accelerometer, gyroscope, and orientation (9 degrees of freedom). The accelerometer sensor measures the forces that are applied on the device's three axes. For example, if the phone is placed flat on a desk, the z-axis should measure the gravity force. It is clear that sensor readings are affected by the device orientation and that since gravity is a constant, it will not help in predicting travel mode. Consequently, an orientation sensor was included to the features to consider the device orientation when other sensor readings are processed. Also, a linear acceleration sensor in Android was used to subtract the gravity constant from accelerometer readings. Linear acceleration and orientation sensors were sampled at the rate of 15 Hz. The gyroscope, which is faster, was sampled at the rate of 100 Hz. Two data preprocessing steps were conducted. First, the gyroscope data were averaged to have the same sampling rate as the other sensors, and then all sensors were combined into one file ordered by the time stamp in which each line has the three-axis readings of accelerometer, gyroscope, and orientation (10 variables, including the transportation mode). If one sensor reading was missing, which is rare, the entire record was eliminated to keep a balanced file and maintain order. Second, every n records were combined into one record, where n is the window size. Different window sizes were examined (i.e., seven, 15, 20, 30, and 70), and seven was selected by using cross-validation. With a window size of seven, a total of 133,886 records was obtained and then divided into a 65% training set and a 35% testing set. The window size is merely the number of records to be grouped, not seconds; however, given the 15-Hz frequency, it was approximately equivalent to 0.5 s.
The final two data sets were used to train and evaluate the performance of different machine-learning algorithms, including neural networks, support vector machines, and random forests. Given the large data set, neural networks and support vector machines required a minimum of 3 h of training time, whereas the random forest classifier took only a few minutes. Thus, the authors found the random forest to be more plausible for this problem (32) . A Weka tool kit was used to train the classifiers (33) and obtain performance measures using the testing set. The classification accuracy of the random forest is 98.85%, which is remarkably high, without using GPS or additional information sources. In addition, there was no need to apply any post-processing algorithm, such as the Viterbi algorithm (34), to smooth the predictions. different transportation modes; these patterns clearly confirm that the mode can be classified from the motion pattern. A detailed confusion matrix and performance measures (obtained from the independent testing set) are summarized in Table 2 . Besides general mode classification, it is possible to identify the exact transit route using the NextBus web service (35) , which provides real-time information on transit vehicles' movement for many cities across North America. The NextBus service is already integrated into the framework.
CONCLUSION AND FUTURE WORK
This paper presented an integrated framework for collecting detailed travel data while reducing the burden on survey respondents. Results of the conducted experiments clearly indicate the benefits of the proposed framework over traditional travel diaries. The benefits can be summarized as follows:
• The proposed framework enables long-term collection of personal travel data, which is necessary to capture seasonal activities.
• The use of smartphones reduces the survey administration effort to distribute and collect data loggers (e.g., GPS). The distribution of smartphone applications is much easier than the distribution of physical devices.
• The use of smartphones enables two-way communication with travelers. Instead of having a prompt call survey to collect further data, data can be collected directly using the proposed framework, which runs on the smartphone.
• Reliance on user-generated public data and maps reduces the cost of data collection in case the project requires proprietary land use data or maps.
• Besides data collection, smartphones can be used to influence the travel pattern of travelers by providing personalized real-time information and feedback (unlike GPS).
• The use of machine-learning techniques allows the framework to be transferred to different transportation systems or deployed in other regions.
The major part of future work is to implement the activity recognition module to determine the purpose of trips. Although the framework has most of the required data to infer activities such as land use information, it is a challenging task because people can visit the same location for different purposes. The authors are investigating the application of Bayes network for this inference problem. Further, the proposed framework is being tuned to be used in a real data collection project in Toronto with a larger sample size. 
